Abstract. Reducing the setup time for a new production line is critical to the success of a manufacturer within the current competitive and cost-conscious market. To this end, being able to reuse already available machines, toolings and parts is paramount. However, matching a large warehouse of previously engineered parts to a new component to produce, is often more a matter of art and personal expertise rather than predictable science. In order to ease this process we developed a database retrieval approach for mechanical components that is able to deal with both rigid matching and deformable shapes. The intended use for the system is to match parts acquired with a 3D scanning system to a large database of components and to supply a list of results sorted according with a metric that expresses a structural distance.
Introduction
While the exact pipeline for bringing new goods into production varies significantly between markets, some common fundamental steps can be identified. Specifically, the most important milestones are the concept formulation, the design phase, the creation of a final prototype and the engineering of the production process [1] . Given the increasing competitiveness in the field of production, both in terms of time and cost, it is not surprising that a great effort is made to develop approaches that allow for a more efficient process for each of these four distinct phases.
The concept formulation alone could consume up to 50% of the time required for the whole cycle, thus a wide range of time saving approaches have been proposed in literature to reduce its impact [2, 3] . However, in this paper, we concentrate on the remaining three phases, since they are all dependant on technical judgements that can be eased by exploiting an automated tool.
The design phase is about the translation of the requirements emerging from the concept in a full product definition that can be implemented in a prototype. Depending on the market, the focus of the design step can be on the functionality of the product or on aspects related to fashion. Either way, the choices made at this stage can not be decoupled from the following phases. In Fact, the early verification of the relations between the design, the associated technical challenges and the actual capabilities of the available production system, could lead to significant reductions in the overall production cost and time to market [4, 5] .
The prototyping is the bridge between the design and the assembly of the actual production process. At this stage, the requirements expressed during the design phase are casted into a physical object (usually handcrafted) and the limitation in the feasibility of some of the planned features may appear. At the same time, the requirements for the tooling (i.e. the set of machine configurations and custom tools needed for actual production) start to become apparent. Of course the quandary between changes in the design made with the goal of production semplification and implementation of new toolings must be managed. To this end, a partial overlapping and a regulated communication between phases has consistently been shown to be both useful and necessary [6] [7] [8] .
The automatic tools available to help with the described process are many and diverse. In this paper we are focusing on a specific but very critical topic: the reuse of toolings.
Specifically, the most convenient way of reusing toolings is to adapt those made for the production of a component that is very similar (in shape and materials) to one already engineered in the past history of the factory. While this could seem a straightforward task, it must be taken in account that within, a medium to large factory, thousands of different new components can easily be introduced into the production each year. Currently, the most widely adopted method to solve this problem (at least in the factories we surveyed) is to resort to experts that have been working in the production department for a long time. Such experts are able to recall (by memory or by consulting a large archive of drawings) if a component similar to the one at issue have already been produced. Needless to say, this kind of approach can not be deemed as reliable or dependable for several reasons. To begin with, there is no guarantee that the experts are able to exhibit a good enough recall rate, moreover as the knowledge is not an asset of the company, but rather of individuals, the transfer of such assets as personnel turnover happens is difficult and very prone to errors.
The solution we are introducing automates this selection in a semi-supervised manner, making available to experts a structured tool to guide the crawling through a large product database. The proposed system (which will be described in depth in Sec. 2) is mainly based on shape-based recognition. Roughly speaking, shape matching is a technique widely developed in the field of Computer Vision and Pattern Recognition whose goal is to find the alignment or deformation transformation that relates a model object with one or more data scenes. There exist many different classifications of matching techniques, however, for our purposes, we break down them in two application domains and two transformation models. The application domains are respectively images (2D data) and surfaces (3D data). The transformation models which we are interested in are rigid, where model and data must align exactly and non-rigid, where a certain degree of elastic deformation is permitted.
Image-based shape matching is primarly performed by finding correspondences between point patterns which can be extracted from images using detectors [9] [10] [11] and descriptors [12, 13] that are locally invariant to illumination, scale and rotation. The matching itself happens through a number of different techniques that ranges from Procrustes Alignment [14] to Graphical Models [15] for the rigid scenario, and from Relaxation Labeling [16] to Gaussian Mixture Models [17] for non-rigid matching.
In the first phase of our investigation we evaluated the adoption of imagebased methods applied over shots of the components under a set of different angles. Unfortunetely this approach was not robust enough to grant a reasonable performance, additionally, the building of the database through image capturing was very time consuming and error prone. For this reason we resorted to the use of 3D matching techniques. Surface matching, albeit being addressed by literature for a long time, is recently boldly emerging due to the availability of cheaper and more accurate 3D digitzing hardware and to the increasing processing power of computer systems that allows for a feasible handling of the more complex volumetric information. In the last decade, more and more problems traditionally tackled with different techniques have been proven to be addressable by exploiting surface matching. For instance, in the field of biometric, the use of 3D surfaces as a substitute for images has shown to attain a far superior performance [18] . Exceptionally good results have been obtained in particular in the recognition of strongly characterizing traits such as ears [19] or fingers [20] . In classical biometric challenges, such as expression-independent face recognition, methods that are able to tell the difference even between the faces of two twins have been demonstrated [21] . In the industry, surface matching has been used extensively for defect analysis [22] , reverse engineering [23] and motion capture [24] .
Most 3D matching approaches work best when the transformation between model and data is rigid, as when a deformation is applied most Euclidean metrics can not be exploited. Recently, some effective non-rigid registration techniques that can be applied to 3D surfaces have begun to appear. Some of them are based on Graph Matching [25] or Game Theory [26] . Others perform the needed deformation by optimizing the parameters of Thin Plate Splines [27] or of a flexible surface regulated by a set of quadratic equations [28] .
With respect to the pipeline described in the following sections, we resorted to the use of the very standard ICP rigid registration technique [29] since it is a fast algorithm that works well over the almost noiseless data that we are acquiring with a structured light scanner. By contrast, we designed a specially crafted method to tacke the non-rigid search. In fact, the knowledge of the restricted problem dominion, allows for an ad-hoc solution that specifically addresses the constraints we are dealing with.
A Shape-Based Pipeline to Maximize Tooling Reuse
The approach presented in this paper is the result of a study commissioned by Luxottica, a world leading designer and producer of eyewear. The goal of the study was the design and the implementation of a full system able to search for components similar to a given part into a database of nearly 150.000 components extracted from the about 30.000 eyeglasses model produced during the half a century of company history. The main chellenges were the sheer number of objects to scan, which would imply several years of work with manual 3D scanners, and the need for a fast and accurate search system able to deal with rigid and non-rigid matching. In fact, eyeglasses frames are made up of both unarticulated parts, such as the front bar or the rims of the lenses, and of bending components such as the earpiece or the nose pads. In Fig. 1 an overall view of the proposed system is shown. As a preliminary step, the whole warehouse of available previously produced models is scanned using a structured light scanner customized to perform a fast and unattended digitzing of an eyeglass frame. The acquired models must be splitted into their basic components to be useful for the part search engine. Unfortunately, this kind of segmentation can not be done automatically, since the heterogeneity in component shapes and positions over the model is too high to grant an algorithm the ability to tell where actually a rim ends or a nosepad starts. To solve this problem in the most efficient manner we designed a semi-supervised segmentation tool that works by operating a greedy region growing regulated by the first derivative of the surface curvature. Using this tool a human operator is able to perform a complete model segmentation in a couple of minutes. Each part is subsequently labelled with its type. The component to be used as a query object is created in a similar way, by scanning the prototype frame instead of an archived eyepiece and by segmenting the part of choice. The matching is performed by first choosing the type of search (rigid or non-rigid) and by specifying the metric to be used (in the case of non-rigid matching). The query component is then compared with a suitable algorithm against all the item in the database. While this could seem to be a gargantuan task, both in terms of computing time and memory usage, it is indeed feasible without the need of a multi-level index structure. As a matter of fact, the size of a model component is within a few kilobytes and the typical amount of memory available on a modern server can easily handle hundred of thousands of components. Moreover, all the matching algorithms used can be executed in a few milliseconds, allowing for a full database scan less than a minute (as the Fig. 1 . Overview of the pipeline described in this paper for shape-based rigid and non-rigid component retrieval.
search is narrowed for type of component). In practice, however, we narrowed even further the search by filtering out components those total surface area deviates more than 30% with respect to the surface of the pursued part. This latter optimization provided, on a standard Intel based server, an average query time of about 10 seconds.
Capturing the 3D Shape of the Components
The building of the components database has been performed by means of a dedicated 3D scanner made up of a specialized support, an automated turntable, and a structured light scanning head (see Fig. 2 ). The support has been designed to be able to hold an eyewear frame with minimal occlusion and to present it to the scanning head with an angle that allows for a complete and watertight acquisition while turning on a single axis. The scanning head comprises two cameras and a DLP projector used to create light fringes according to the Phase Shift coding variant presented in [30] . A single range image requires about 3 seconds to be captured, and a total of 24 ranges are needed for the complete surface reconstruction. If the time required for the turntable rotation is also accounted, the whole process can be carried on in about two minutes. Once the scans are completed, the resulting range images are coarsely placed in a common frame by exploiting the knowledge of the step angle of the electric motor that drives the turntable. Subsequently they are pairwise aligned with IPC [29] and globally aligned using Dual Quaternion Diffusion [31] . Finally, a standard reference frame must be imposed to the newly acquired object. This is necessary for obtaining a common orientation of each of the components that will be produced by the following segmentation step, which in turn is needed as an initialization for both rigid and non-rigid search. To this end, a simple Principal Components Analysis (PCA) is performed on the 3D data.
Semi-supervised Object Segmentation
To help the user in the component segmentation, we designed a semi-supervised tool that is able to separate the single components from a scanned model starting from a limited number of initial seeds supplied by a human operator. Those seeds are used as a hint that indicates areas that belong for certain to different parts. Each area is then grown in a greedy manner until it hits another area. The main idea is that the growing becomes slower when abrupt changes in surface normals are encountered and thus notches on the surface (that are typically associated to small gaps between parts) act as a containment border.
This tool does not work directly on the surface of the object, but rather on an apt dual graph representation [32] . As shown in Fig. 3 each node of this graph corresponds to the a triangle of the mesh. There are no geometrical relations between these nodes and the absolute position of the triangles in space. For this reason we do not need any attribute on the graph nodes. By converse, we are interested in the relations between adjacent faces, thus we are going to define a scalar attribute for the graph edges. Specifically, we want to assign to each edge a weight that is monotonical with the "effort" required to move between the two barycenters of the faces. This effort should be higher if the triangles exhibit a strong curvature with a short distance between their centers and it should be low if the opposite happens. To this extent, given two nodes of the graph associated to faces i and j, we define the weight between them as:
wherep = (p 1 , p 2 ...p k ) is the vector of the barycenters of the faces andn = (n 1 , n 2 ...n k ) are the respective normals. < ·, · > denotes the scalar product and | · | the Euclidean norm. In Fig. 3 (c) edge weight is represented by using a proportional width in the drawing of the line between two nodes. It can be seen how edges that connect faces with stronger curvatures exhibit larger weight.
Once the weighted graph has been created, the segmentation can happen. In our framework the surface is segmented starting from one or more hints (a) (b) (c) Fig. 3 . Steps of the graph creation process. From the initial mesh (a) the dual graph is built creating a vertex for each face and connecting each pair of adjacent faces (b). Finally, each edge of this graph is then weighted according to the dot product between the normals of the connected faces.
provided by the user. This human hint expresses a binary condition on the mesh by assigning a small fraction of all the nodes to a set called user selected green nodes and another small portion to a set called user selected red nodes. We call green nodes the faces (nodes) belonging to the segment of interest and red nodes the ones that are not belonging to it, regardless of the fact that those nodes have been manually or automatically labeled. The proposed algorithm distributes all graph nodes in the green nodes and red nodes sets in a greedy way. We define a seed as triple < n, t, w > where n is the graph node referred by this seed, t is a boolean flag that indicates if n has to be added to green or red nodes, w is a positive value in R + . At the initialization step, for each initial green and red node selected by the user, a seed is created and inserted into a priority queue with an initial weight value w = 0. All nodes are also added to the unassigned nodes set. At each step, the seed < n, t, w > with lowest value of w is extracted from the priority queue and its referred node n is added to green nodes or red nodes according to the seed's t flag. The node is also removed from unassigned nodes to ensure that each node is evaluated exactly once during the execution of the algorithm. For each node n ∈ unassigned nodes connected to n in the graph, a new seed < n , t = t, w = ω(n, n ) > is created and added into the queue. It has to be noted that it is not a direct consequence of such insertion that the final type of n (either green or red) is determined by the type t of this seed. At any time multiple seeds referring the same node can exist in the queue, with the only condition that a node type can be set only once. During the execution of algorithm either the region of green nodes and the region of red ones expands towards the nodes that would require less weight to be reached. Once all nodes in the same connected component are visited, the result of this assignment is shown to the user who can either refine his initial hint or accept the proposed segmentation. Of course the procedure can be iterated to obtain a hierarchical segmentation. In any condition, the algorithm will run in O(N ) time since, with the described greedy approach, each node is visited once.
In Fig. 4 and example of the segmentation produced by the tool is shown. 
Rigid Components Matching
The rigid matching consist in an alignment of each part in the database with the query part using an efficient variant [33] of the ICP (Iterative Closest Point) algorithm [29] . In detail, each component in the database is sampled and exactly 1000 3D points are extracted. The surface of the query object is coarsely aligned with those samples through the PCA previously computed over the whole model. Thus, for each sample point, the intersection between the vertex normal and the surface of the query object is found (if it exists). This intersection generates a new point, that is associated to the original vertex as the ideal mate on the query surface. After all the intersections have been computed a closed-form optimization is used to align mating points to model vertices [34] . The process is iterated many times, until the relative motion of the query with respect to the model becomes negligible. The idea of this algorithm is that the positional error committed when adopting the points generated by normal shooting as true correspondences becomes smaller at each iteration. In practice, the ability of ICP to converge to a correct global minimum strongly depends on the initial coarse alignment. In fact, a less than good initial estimation can easily lead to completely wrong final alignment, even with perfectly correspondent 3D objects. In our validation, however, the coarse registration supplied by the global PCA consistently allowed to obtain a local minimum when the object to be compared was the same or a component similar enough to be effectively used as a tooling source. After an optimal aligned is obtained, a last normal shooting is performed and the RMS of the distance between each vertex and its virtual mate is computed. This RMS is used as the metric distance for the ordering of the results.
In Fig. 5 we show some results obtained by searching respectively for a bridge and a front hinge (highlighted in red in the figure) . On the side of each result the corresponding RMS associated to the best alignment is reported. 
Non-Rigid Components Matching
We decided to address the problem of non-rigid components matching as the process of finding the best global or local alignment between two linear sequences. Every component is first sliced into a vector of equally-spaced slices along its median axis. The slicing procedure starts by roughly aligning the first two principal vectors of the component along x and z axis using the PCA. After that, starting from the farthest vertex along the negative side of x axis, a set of n equally-spaced planes parallel to yz plane are used to intersect the component defining n different closed planar contours. For each of those contours, the size w i and h i respectively along z and y axes are used to characterize each slice with the quadruple s i = w After that, we defined the similarity between two slices s i and t i as
where C
Once the similarity measure is defined, we search for a best global alignment by exploiting the well known Needleman-Wunsch algorithm first presented in [35] and the local alignment using Smith-Waterman [36] . Each alignment is performed iteratively between all stored components and the results are sorted by similarity. Depending of specific application requirements, local alignment may offer better results than the global approach, vice-versa. In this extent, we decided to show both ordering to the user, along with the similarity measure. In Fig. 6 an example of the ordering obtained respectively with Needleman-Wunsch and Smith-Waterman algorithm is shown. 
Evaluation of the Implemented System
An initial evaluation of the system was performed by acquiring different instances of the same objects and, after manual segmentation, by automatically searching for each single part, which was replicated several times in the test database.
To test the robustness of the matching process, the components were modified by adding random Gaussian noise to their vertices. The goal of this validation step was simply to assess the ability of the system to produce an ordering were consistent clusters of components appear before the remaining results. While this test was successful, obtaining a 100% recognition rate, it is only meaningful to check that the search algorithm is correctly working as a pure object retrieval tool, but it does not really indicates if similar, but not identical, parts can be retrieved with a reasonable ordering. In order to obtain a measure of how well the system works for the intended purpouse, we let the experts use it for some months. During this trial, the experts have been asked to annotate, after each component search, the position in the result list of the first occurrence that they could consider to be similar enough for tooling reuse purposes. If a similar enough component is not found at all (or the expert knows that it does not exists in the database) the annotation does not happen and the event is deemed to be a true negative. The results of this test are given in Fig. 7 as the percentage of cases where the sought component is found among the first N answers supplied by the engine. The first graph shows the performance of the rigid matcher. As expected, in most cases the correct component can be found as the first match and in no cases more than 50 results must be scanned by the user. The capability of the non-rigid matcher, shown in the second graph of Fig. 7 , is a bit lower. In detail, the local sequence alignment performed by Smith-Waterman algorithm seems to behave a little better than the global alignment obtained by Needleman-Wunsch. However, for both algorithms, the correct result can be found most of the times immediately and within the first 50 extracted components in more than 90% of the cases. This level of performance is clearly good enough for an effective use in production environment and arguably better than what could be attained without the assistance of the system. 
Conclusions
In this paper we described a complete pipeline to help field experts during the design process for new production lines. The presented approach is based on both well-known methods and novel domain-specific techniques. In details, the approach allows to easily find toolings and process definition to be reused in new productions by comparing the shape of the newly designed component with a large database of previously engineered parts. This comparison needs to be performed both in a rigid fashion and allowing for some deformation, depending on the type of part to be searched and on the good sense of the expert that is using the tool. Each search produces an ordering of the parts in the database, which can be computed with respect to a set of different metrics. Overall, a sizeable set of trials performed with a database of sunglasses components have been deemed successful by the users, as the most relevant parts were consistently found in the first few results produced by the search engine.
